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Proteins control nearly all biological processes, making them the primary target for therapeutic treatment. Drug development is
concerned with optimizing the binding affinity between drugs (ligands) and target proteins, which involves predicting binding
strength between novel protein-ligand pairs; however, the traditional method of conducting physical laboratory experiments to
determine binding affinity is laborious and time-consuming, inhibiting the drug discovery process. Thus, groups of researchers
have sought to leverage machine learning models to more efficiently predict binding, accelerating the identification of effective
therapeutics. In this study, we tested various deep-learning based models, utilizing the molecular SMILES data of ligands
to predict binding to 3 target proteins: BRD4, HSA, and sEH. We propose a hybrid GNNTransformer framework, which
incorporates a multi-head attention mechanism and diverse molecular representations, including molecular fingerprints (ECFPs),
metadata, and graph representation to achieve strong predictive performance. On all 3 proteins, the model improved accuracy,
precision, recall, AUC, and f1;core from 50% to 70-80% and Average Precision to 70%. The success of this novel deep learning
method on 3 structurally diverse proteins underscores the promise of multi-representational deep learning in the efficacy of drug
discovery.
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Introduction

Proteins play a crucial role in biological processes, perform-
ing roles such as the transportation of materials, body acid-
base balance, and catalysis. As such, the early stages of the
drug discovery process involve finding molecular compounds
that bind to certain target proteins to change their behav-
ior/function. Throughout most of the history of modern ther-
apeutics, drug molecules have been organic, small-molecule
ligands. Recently, small molecules are even progressing in
their potential for active cancer targeting, which previously
only involved macromoleulces'.

The task of predicting the interactions between ligands and
proteins is the core of drug discovery?. Binding affinity is a
pivotal indicator of how strongly a potential drug molecule
interacts with a target protein, which makes the prediction
process vital for drug development®. The traditional meth-
ods of employing molecular dynamics and docking simula-
tions to determine binding affinity are limited by their com-
putational complexity and the lack of 3D protein structures
available*. Furthermore, various experimental methods in-
cluding isothermal titration calorimetry> and surface plasmon
resonance® prove costly and time-consuming. Thus, atten-
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tion has been directed toward more efficient machine learning
methods. Events such as the COVID-19 Pandemic have only
revealed the urgent need for potent computational methods of
drug development. To put into perspective, the FDA has ap-
proved of only 2,000 novel molecular entities. In contrast, the
number of chemicals in drug-like space has been estimated
to be 1099, where effective treatments for human ailments are
bound to be hiding”.

The ultimate question is: How can we leverage Machine
Learning methods to best predict the binding affinities of lig-
ands and target proteins with limited computational power and
complexity?

To start, the dataset we utilized contained molecular
SMILES data, which are linear representations of 3D
molecules®, and binary binding affinity data for 3 proteins
— BRD4, HSA, and sEH. Thus, our models would be super-
vised learning, classification-based algorithms. Many compet-
ing models deal with regression (e.g. DeepDTA, MDeePred,
GraphDTA), which rely on precise binding affinity values;
however, these values also come with great experimental un-
certainty and can vary greatly across studies. Apart from re-
ducing sensitivity to regression noise, classification allows our
models to focus on broad distinctions between molecules and
offers a more interpretable and actionable output for clini-

© The National High School Journal of Science 2026

NHSJS Reports | 1



cians.

We started from traditional ML models, including Logis-
tic Regression and K-Nearest Neighbors, operating solely on
molecular fingerprints and metadata to assess the baseline
ability for global molecular descriptors to capture and predict
binding affinity. Although these simple, traditional ML mod-
els possess low computational cost, their predicting ability is
limited due to oversimplification. Protein-ligand binding is a
complex process that involves complex feature extraction and
representation. On the other hand, deep learning ML can au-
tomatically extract advanced features from raw data and per-
form feature representation. In regards to the deep-learning
models, we began with the 1-Dimensional Convolutional Neu-
ral Network (1D CNN), which took molecular SMILES data
converted to molecular fingerprints (ECFPs) as its input rep-
resentation. The 2-D CNN used pre-processed image rep-
resentations of molecules. These CNNs were used to eval-
uate whether spatial or sequential analysis of molecular fin-
gerprints would significantly enhance predictive power. Next,
Graph Neural Networks (GNNs) were incorporated, convert-
ing molecular SMILES data to 2D graph representations to
assess a focus on local dependencies and atom connectivities.
Finally, the Transformer architecture used molecular sequence
data (ECFPs) and involved a multi-head attention mechanism
as well as relational modeling of the sequence data. We looked
at the Transformer framework on its own to assess whether
the capturing of long-range, non-localized feature relation-
ships and contextual information proved advantageous over
simple sequential, structural, or spatial patterns. The main
model metrics we looked at were accuracy, precision, recall,
fl_score, AUC, as well as average precision (specifically for
comparison to competing methods).

Ultimately, we hypothesize that integrating diverse molec-
ular representations within a hybrid GNN-Transformer frame-
work will improve protein-ligand binding prediction com-
pared to models using limited representation types.

Background

The two types of machine learning algorithms to predict
protein-ligand binding affinity are interaction-free and inter-
action methods, and each has its benefits and drawbacks.
Interaction-free methods largely involve deep learning mod-
els, and they succeed in that they aren’t limited to already-
known protein-ligand complexes, can include long-range in-
teractions between ligand and protein, and are not computa-
tionally expensive (Fig. 2). However, they often require a
high homology of samples and lack the extraction of some
chemical bond information. These methods can be catego-
rized into sequenced-based models, graph-based models, and
multimodal models. In this study we will specifically look at
multimodal models like AttentionMGT-DTA, which employs
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Figure. 1 Molecular docking simulation for binding free energy
predictions 1. published data by Arcon, et al., 2017

two graph transformer modules to learn structural features of
ligands and protein pockets while incorporating 1D sequence
embeddings9. On the other hand, interaction-based methods,
such as molecular docking simulations (Fig. 1) are able to
improve generalization capability but are computationally ex-

pensive and lack long-range interactions '°.
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Figure. 2 Interaction-free deep learning model !%; Published data by
Wang, Huiwen, 2024

Numerous deep learning methods have been attempted,
with varying results depending on the strategy and complex-
ity of the approach. As a sequence-based model, DeepDTA
uses only protein and ligand sequences, which are fed into
2 CNN blocks and a multi-layer perceptron (MLP). Simi-
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larly, GNNSeq relies solely on sequential features, perform-
ing hierarchical sequence learning through the integration of
GNN, XGBoost, and Random Forest. This method eliminates
the need for pre-docked complexes or high-quality structural
data'?.

Another competing method is DeepCDA, which combines
the CNN with long short-term memory (LSTM) networks with
a 2-sided attention mechanism!3. DeepDTAF integrates lo-
cal and global contextual features, which refer to the pro-
tein pocket (the localized area where the ligand binds to) and
broader features respectively. The model utilizes dialed con-
volution to capture multiscale long-range interactions. How-
ever, it fell short of having a large enough training dataset to
reduce reliance on training data types®.

Although sequence-based models can learn from contex-
tual information in the sequence and are relatively mature in
the field of representing proteins and ligands, they lack spatial
information ', Graph-based models overcome this disadvan-
tage. GraphDTA, for instance, employs 2 graph neural net-
work (GNN) blocks followed by fully connected layers to pre-
dict affinity. However, using graph structure to represent pro-
teins and ligands has certain limitations. These models often
fail to consider enough atomic properties of ligands, thus lack-
ing comprehensive representation of ligand characteristics !3.

Previous methods encounter four main impediments which
limit their capabilities for strong prediction and generaliza-
tion. Primarily, previous deep-learning models struggle with
low-quality databases that contain hundreds of ligands but
only dozens of proteins and inaccurate or oversimplified in-
put representations. In addition, models have difficulty with
data imbalance (i.e. significantly more non-binding data sam-
ples compared to binding data samples), causing poor model
performance '°. Notably, past methods often only extract se-
quential information, losing vital spatial information or vice
versa 3. Lastly, predecessors of the binding issue lack the cap-
turing of complex interactions between protein-ligand pairs
such as electrostatic forces or hydrogen bonding '°.

Methodology and Experimental Framework

Dataset Description

The kaggle competition host Leash Biosciences physically
tested 133M small molecules for their ability to interact with
one of three protein targets using DNA-encoded chemical li-
brary (DEL) technology. They created the dataset the Big En-
coded Library for Chemical Assessment (BELKA).

In order to reduce computational cost through effi-
cient storage, we used duckdb to directly read the par-
quet files and perform database connection. The entire
dataset contains 7 columns, but only 4 relevant columns: 1
molecular_smiles column and 3 output columns corre-

sponding to 3 different target proteins. The output columns
classify if the compound binds to that protein or not. In the
parquet datasets, we selected 12,000 data samples from each
class (non-binding and binding) for my training, performing
scaffold-based partitioning to ensure that all molecule struc-
tures are represented and prevent generalization. Similarly,
we then selected 3,000 data samples at random from each
class for our testing dataset., using the same stratified sam-
pling technique. Thus, in total the training dataset contained
24,000 data samples, and the testing dataset contained 6,000
data samples (75% training, 25% testing), each evenly divided
between classes. We split my training dataset into validation
and training datasets (ratio = 0.2) stratified along the true out-
put column to ensure equal numbers of each class.
Below is a snippet of my training dataset:

molecule_smiles binds_BRD4 \
CCN(CCCNc1ne{NCC2CCCn3cenc32)nc(N[C@@H](Ce2ccc...
CC(C)NC(=0)NCCNcinc(Nc2n[nH]c3cc(Cljccc23)nc(N....
Ce1ce([N+](=0)[O-])c(Cl)cc1Nec1nc(Nc2eee3e(c2)C...
0O=C(N[Dy])c1cnn{-c2ccc(F)ec2)c1Nc1nc(NCC2CC3CC....
C=CCNC(=0)CNc1nc(NCCc2nc(-c3cccce3d)c(C)s2)nG(N...

23995 Cn1nnc(CNc2nc(NCe3cceec3N3CCOCC3)NC(NCC3CCC(CH...
23996 O=c1ncnc(Nc2nc(NC[C@H]3CC[C@H](C(=0)N[Dy])CC3)...
23997 Cn1cncc1CNe1ne{(NCCC(=0)NCe2eencc2)ne(NG2eeoo(-...
23998 CCOC(=0)c1ncccc1NcInc(Nc2oe(-n3cnc(C)e3)eo(C(F ...
23999 Cc1coo(S(C)(=0)=0)cc1Nc1nc(NCCC20CCe3cceee32)n....

binds_HSA binds_sEH
(1]

Figure. 3 Abridged version of dataset with molecule smiles and label
columns

Model Development and Training Strategy

The general strategy to uncover the best-performing machine
learning model was to start with simpler models and work to-
wards more convoluted, computationally expensive models.
To that end, we began experimenting with baseline models
such as Logistic Regression, Random Forest, and Decision
Tree Classification to set a performance floor. Logistic Re-
gression tested for linear separability in the chemical space;
in other words, it tested whether the difference between a
protein-binder and a non-binder is determined by specific fea-
tures only. Meanwhile, Random Forests/Decision Trees tested
if non-linear decision boundaries were sufficient for classifi-
cation. However, these baseline models were essentially coin
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tosses, so we determined that binding activity is not likely de-
termined by the simple presence or absence of chemical frag-
ments. We then began experimenting with 1-D and 2-D Con-
volutional Neural Networks to experiment with spatial and lo-
cal feature extraction, utilizing different input representations
— namely Extended Connectivity Fingerprints (ECFPs) and
Image representation. Finally, we worked with Graph Neural
Networks for relational logic, Transformers for global rela-
tionships, and a combination of both. The data was trained
for anywhere between 10-15 epochs with a batch size of 64.
For models implementing Transformers, we paid attention to
and adjusted key hyperparameters which determined the com-
plexity of the model, particularly num_heads (number of atten-
tion heads) and num_layers (number of transformer layers).
Throughout these models, accuracy, precision, recall, AUC,
f1_score, AP, and a confusion matrix served to evaluate their
performances.

Input representations varied across the models, but the most
common form of representation was the ECFP. ECFPs are
circular molecular fingerprints that embed molecules into nu-
merical representations. It captures local atom environments
within a specific radius (2) and encodes molecular structure
into fixed-length bit vectors where each bit is a substructure
feature (or lack thereof)'. We utilized the RDKit library to
generate ECFPs frommolecular_smiles data. Moreover,
we often applied metadata to provide additional chemical con-
text, enhancing input representation. Again, the RDKit library
facilitated the calculation of molecular descriptors — molec-
ular weight, logP (measure of a molecule’s hydrophobicity),
and tpsa (topological polar surface area) — for every data sam-
ple®.

Additionally, we employed various computational tech-
niques to optimize the performance of my models. To address
class imbalance, we balanced batches based on their true la-
bel and performed threshold tuning based on precision-recall
trade-offs. To reduce overfitting, we introduced dropout and
early stopping. To optimize and stabilize training, we incor-
porated a cosine learning rate scheduler w/ a warm up phase,
which gradually increased the learning rate for the first 10% of
training, followed by a smooth decline. This helped improve
convergence by preventing rapid gradient updates and avoided
overfitting.

Baseline and Deep Learning Architectures

Logistic Regrssion, Random Forest, & Decision Trees

Using fixed-length bit vectors (ECFPs), these models estab-
lished a performance floor and tested for whether the simple
presence or absence of chemical fragments determined bind-
ing. As expected, these baseline models achieved an accuracy
and precision of approximately 50%. This near-random per-
formance suggests that the relationship between using a strict

approach to the presence of features with protein-ligand bind-
ing affinity is a severe oversimplification.

1-D CNN

We developed a 1D-Convolutional Neural Network (1D-
CNN) to identify local structural motifs within molecular
fingerprints. This was the simplest deep-learning simplest
model. The input bit vectors (1024-bit ECFPs) were trans-
formed from 2D arrays into a 3D tensor format (1024) to fa-
cilitate feature extraction. The architecture employs 2 con-
volutional layers: a 64-filter layer followed by a 128-filter
layer, both of which use a kernel size of 3 and ReLU acti-
vation. Each convolutional layer is accompanied with a Max-
Pooling1D layer (pool size 2) to reduce dimensionality and
improve translation invariance, ultimately helping identify key
motifs even if they appear at different bit positions. The ex-
tracted feature maps were flattened and processed through a
128-unit dense layer. Finally, a sigmoid-activated neuron per-
formed binary classification. The model used the adam opti-
mizer and Binary Cross-Entropy loss over a stratified split of
training, validation, and test datasets (Fig. 4). Accuracy con-
sistently layed around 50%, with higher precision (~ 60%) but
very low recall (~ 10%).
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Figure. 4 Diagram of 1D CNN mechanism; Published data by Qazi,
Emad UI Hag, et al., 202217

2-D CNN

Rather than using ECFPs, the 2-D CNN uses generated im-
age data via RDKkit as input. The function Mo1lToImage ()
converts molecules to images; then, the images must be pre-
processed — they are resized to a target size, converted to
grayscale, converted to a numpy array, and they have their
pixel values normalized to the range [0,1]. 5 positive and 5
negative samples were selected from both training and testing
datasets for display (Fig. 5).

The 2D CNN architecture analyzes this molecules repre-
sented as 100 x 100 x 1 grid-based images. It utilizes 3 con-
volutional layers involving 3 x 3 kernels (64, 64, and 128 fil-
ters) to extract spatial topological features. Moreover, we in-
tegrated batch normalization and 20% dropout layers to im-
prove stability and generalization. To prevent overfitting, we
introduced an ImageDataGenerator to perform real-time data
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Figure. 5 Preprocessed image representation of molecules

augmentation. This generator performed rotations (20 de-
grees), horizontal flips, and spatial shifts to ensure orientation-
invariance. Accuracy consistently layed around 55%, with
higher precision (~ 60%) but very low recall (~ 20%). This
result was expected, as although image-based molecular rep-
resentations offer greater flexibility and potential to capture
global visual patterns, they are often less chemically grounded
than ECFPs (don’t preserve local chemical environments as
well), leading to reduced robustness especially with limited
training data.

Graph Neural Network

GNN models tend to perform better on molecular data
because the structure of molecules is better represented
through graphs rather than grids (i.e. images). The li-
brary used to construct this model was PyTorch Geometric,
which is designed for deep learning on graphs. To con-
vert the smiles data into graph representation, the function
rdmolops.GetAdjacencyMatrix (mol) extracts bond
connectivity to create edge indexes. In addition to extract-
ing atomic numbers via atom.GetAtomicNum (), we ex-
panded the node feature matrix by extracting local chemical
properties including degree, hybridization, and aromaticity to
reflect both chemical identity and connectivity of atoms. In
the end, the function returns a PYG data object with x as the
node and edge_index as the edge (Fig. 6).

The GNN architecture consists of 3 sequential Graph-
Conv layers (64, 128, and 64 hidden units). Graph Conv
performs message-passsing updates by aggregating features
from neighboring atoms along molecular bonds, enabling the

Graph 0 (Label: 1)

Figure. 6 PyG converted to a NetworkX graph for visualization

model to capture local chemical environments. It does this
by transforming atomic (node) features, updating the atomic
(node) embeddings based on the surrounding chemical envi-
ronment >, with ReLU acitivations applied after each layer.
To generate a fixed-sized molecular embedding, we applied
a global max_pool layer followed by a 30% dropout for
regularization. The model was trained using a binary cross-
entropy loss function with the Adam optimizer over stratified
datasets.

Ultimately, the GNN does very well at capturing local
molecular structures. The forward pass of the model applies
these 3 layers to the graph data. Global max pooling ensures
the model aggregates the max feature of each node, creating a
graph-level representation of the molecule.

Transformer Model

The Transformer architecture is built using TensorFlow and
Keras to process ECFPs and metadata. Since ECFPs are fixed-
length, non-sequential bit representations, we employ the self-
attention mechanism not for its positional encoding mecha-
nisms, but for its ability to globally aggregate information
from the entire vector. In other words, the Transformer archi-
tecture doesn’t treat the fingerprint as a sequence, but rather
as a collection of features. Thus, we apply Positional Encod-
ing not to imply that there is a chemically-significant order,
but rather to provide consistent index-level distinguishability
across fingerprint dimensions, which are order—invariant. This
allows the self-attention mechanism to learn relative impor-
tance of bits and co-occurrence patterns (i.e. bit position 80
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and bit position 800 both “on” suggests global feature interac-
tion).

First, the model defines the key hyperparameters:
input_dim = 1024 (size of ecfp vector), D.-model =
128 (transformer model size), num_heads = 2 (number
of attention heads), DFF = 256 (size of feed-forward net-
work), and num_layers = 4 (number of transformer lay-
ers). The Adam optimizer was utilized with a custom learning
rate schedule, and the model was run for 12 epochs.

The TransformerEncoderLayer consists of a self-attention
mechanism, multi-head attention mechanism, feed-forward
network, layer normalization to stabilize training, and
dropout. The self-attention aspect of transformers allows it
to consider all substructures or chemical features (represented
by bits) of a molecule simultaneously to get a better sense of
chemical context, which other models often cannot do because
they process data sequentially. This results in the capture of
long-range dependencies, or relationships between distant fea-
tures whose bits may be located far apart in the fixed-length
vector of an input molecule. In the multi-head attention mech-
anism, each head looks for a specific chemical property or
structural pattern. Inside each head there is a query, which
describes what the model should pay attention to, keys to iden-
tify elements to pay attention to, values to average over, and
finally a score function to apply the attention. By extracting
separate aspects of input features, the transformer model cap-
tures richer interpretations of the ligand molecule. Ultimately,
this mechanism also endows the model with interprepretabil-
ity to provide new insights for drug discovery '8.

The creation of the model itself involves multiple steps.
The first step processes the ECFPs with transformer en-
coders, batch normalization and dropout, and dense lay-
ers. Global Average Pooling 1D is applied to reduce di-
mensionality. The second step is processing the meta-
data via dense layers and dropout. Initially, the function
calculate_descripters, returns the molecular weight,
logP (hydrophobicity), and tpsa (topological polar surface
area) of the molecule_smiles data to generate metadata
descriptors aligned with the ECFP data. Finally, the ECFP and
metadata representations are concatenated, and a final dense
layer is applied to get the final binary classification output.

Hybrid GNN-Transformer Model

Like the name suggests, the GNNTransformer model is a
novel hybrid approach that combines the best qualities of both
the GNN and Transformer to maximize predictive ability. Just
like the transformer itself, this model consists of multi-head
attention applied into transformer encoder layers. However,
rather than global average pooling, which merely computes
the average over input features, we utilized attention pooling.
Attention pooling assigns weights of importance to each fea-
ture and aggregates them, which ensures that the most crucial

features dominate prediction. We clarify that the Transformer
component is not intended to model sequential dependencies,
as molecular fingerprints and physiochemical descriptors are
fundamentally order-invariant. Rather, attention treats the in-
put as a set to model higher-order dependencies between fea-
ture dimensions, with positional encoding functioning to pro-
vide index-level distinguishability.

To fuse the GNN and Transformer components into the hy-
brid model, we performed feature concatenation. Rather than
feeding the GNN output into the Transformer, it processes
3 input streams in parallel. First, graph data passes through
the GNN, resulting in a gnn_output vector. Separately, the
ECFP fingerprints (ecfp_data) are projected into an embed-
ding space and treated as feature tokens, each corresponding
to a substructure bit-position. These embeddings are passed
through the Transformer Encoder, condensed through Atten-
tion Pooling, and passed through the fully connected layer.
Finally physical descriptors (metadata) are passed through a
small MLP. Then, the extracted features are fused together,
gluing them into a single feature vector. This final, fused vec-
tor is passed through a final linear layer, whose responsibility
is to distribute weights to determine the relative importance of
feature extractions (Fig. 7).

[Molecular Graph] =mEp [GNN] BB [Gnn embedding]

[ECFP + Positional ) [Transformer Encoder +

= [Feature
Encoding] Attention Pooling + fc_layer] ‘ [tfp_embedding]

Coneatenation]

!

[Final Linear
Layer]

!

[Prediction
Output]

[Physiochemical g v o) mmmp [desc_embedding]

Descriptors]

Figure. 7 Overview of the GNN-Transformer hybrid model. Fc =
fully connected, tfp = transformer fingerprint, desc = descriptor

This model combines a diverse array of input representa-
tions. The GNN component incorporates graph representa-
tion for structural information. The Transformer component
utilizes both molecular fingerprints and metadata descriptors,
capturing relational codependence/co-occurence patterns and
dependencies as well as physicochemical characteristics. Be-
cause it deals with a diverse range of inputs, the model had
to make sure they were all the same length before combining
them into single datasets.

Results

The majority of the models we explored displayed sup-par re-
sults with accuracy, precision, and AUC hovering at around
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50%. Recall was often either frighteningly low at around 10%,
suggesting that the models were over conservative (didn’t pre-
dict many positive outcomes), or extremely high, suggesting
that the models were overfitting.

The GNN Transformer model performed the best by far.
Every single metric improved significantly on 3 proteins,
demonstrating its strong predictive power and potential gen-
eralization capability on protein-ligand binding classification.
As displayed by the confusion matrices, accuracy, precision,
recall, AUC, and F1_score improved by 20-30%. Aver-
age precision improved by approximately 20% (Fig. 8-10).
Since we applied scaffold-based partitioning to the training
and testing datasets instead of random sampling, we witnessed
a slight reduction in overall performance compared to ran-
dom sampling, showing that previously our model was essen-
tially memorizing scaffold patterns, leading to inflated perfor-
mance. While accuracy and precision decreased, AUC and
Average Precision remained high or increased, indicating that
the model successfully ranks binders above non-binders for
novel scaffolds. Accuracy and precision are threshold depen-
dent, meaning they depend on a probability cutoff and can be
misleading in imbalance datasets. Thus, AUC and Average
Precision, which rank performance in the context of class im-
balance and across threshold, are generally more important for
drug discovery.

Summary of Results (Approximate Averages)

The following table displays the approximate average values
of each metric for the 3 target proteins:

Table 1 Average values of model metrics for HSA, BRD4, and sEH
across 3 independent trials.

Accuracy Precision Recall AUC Fl_score Average Precision
HSA 0.71 0.68 0.78  0.80 0.73 0.81
BRD4 0.68 0.77 0.68  0.78 0.68 0.82
sEH 0.67 0.65 075 073 0.69 0.73

Comparison with state-of-the-art pipelines

Having established a satisfactory baseline performance, we
then evaluated the performance of our GNN transformer com-
pared to previous binary classification pipelines. For this,
we selected two deep learning models for comparisons: the
NeurlIPS 2024 Belka competition 11th place solution and
a 1D-CNN Transformer. All comparisons were conducted
under matching conditions. Models were evaluated on the
same dataset, target labels, and evaluation metrics defined by
the Kaggle competiion. However, these competing solutions
should be treated as a contextual benchmark rather than a di-
rect architectural comparison, as they were developed under

the same competition constaints but with different modeling
choices.

Table 2 Average Precision values for 2 competing models: a 1D-
CNN Transformer and the Belka 11th Place solution, compared
across BRD4, HSA, and sEH.

Method Average Precision

1D-CNN Transformer 0.64

Belka 11th Place Solution BRD4: 0.64
HSA: 0.39
seH: 0.93

The 1D-CNN Transformer approach, done by Mert Byr-
jtrm, focused on encoding SMILES strings and incorporat-
ing physicochemical features into the building blocks . The
model achieved an AP score across all 3 target proteins of
0.64, which is lower than our achieved AP scores of 0.81 for
HSA, 0.82 for BRD4 and 0.73 for sEH (Table 2).

The NeurlIPS 11th Place solution employed Embedding +
MLP models on building block IDs (3 building blocks con-
struct a molecule)?’. The results for Average Precision are
severely asymmetrical, as illustrated by the clearly dispropor-
tionate results for different proteins. Although the AP for seH
is higher than the results we received, our model still outper-
forms since it demonstrates stronger consistency on all 3 pro-
teins, which makes it significantly more reliable in the drug-
discovery pipeline. Also, our AP values of around 0.7-0.8 are
higher than both the AP values of BRD4 and HSA of 0.64 and
0.39 respectively (Table 2).

Results discussions

The GNNTransformer outperformed baseline models mainly
because it incorporates a variety of complementary input rep-
resentations. Graph representation, molecular fingerprints,
and metadata descriptors combine to capture all aspects of
the molecule being analyzed. Graph data captures struc-
tural information of a molecule, especially connectivity be-
tween atoms, which helps the model understand local rela-
tionships. ECFPs capture specific sequential patterns; then,
the transformer does a great job at capturing long-range inter-
actions/dependencies. Metadata descriptors provide physic-
ochemical properties which the other 2 representations lack.
Finally, the GNNTransformer finds relationships between all
3 features to predict binding affinity.

Overall, our model achieved ~ 70% precision, recall,
F1_Score, and accuracy, 80% AUC, and 70-80% AP for all
three proteins, which is a significant improvement over base-
line models and outperforms several competing methods (Ta-
ble 1). However, many limitations still persist. For one, our

© The National High School Journal of Science 2026

NHSJS Reports |7



Accuracy: 0.7025, Precision: 0.6798, Recall: 0.7657, AUC: 0.7804, F1: 0.7202
Average Precision (PR-AUC): 0.8102

Accuracy: 0.7105, Precision: 0.6869, Recall: 0.7737, AUC: 0.8012, F1: 0.7277
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Figure. 8 HSA confusion matrices w/ model metric labels

Accuracy: 0.6918, Precision: 0.8188, Recall: 0.4927, AUC: 0.7634, F1: 0.6152
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Figure. 9 BRD4 confusion matrices w/ model metric labels
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Accuracy: 0.6725, Precision: 0.6497, Recall: 0.7487, AUC: 0.7303, F1: 0.6957
Average Precision (PR-AUC): 0.7297
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Figure. 10 BRD4 confusion matrices w/ model metric labels

model is trained on binding data for only a few target pro-
teins, limiting generalizability to still unknown protein fami-
lies. Even so, our model exudes convincing potential that it
has the ability to perform on a similar level across a wide-
range of diverse types of proteins. This predictive poten-
tial can be illustrated using the protein correlation heat-map
(Fig. 11), which shows the degree of similarity of the proteins
in terms of their binding behavior across a set of ligands. Each
entry is the Pearson correlation coefficient between protein a
and protein b2!.

E(ab)
0,0p

p(a,b)= )

E(ab) = cross-correlation between a and b

HSA and BRD4 have relatively similar binding profiles —
they bind to similar molecules — with a correlation coeffi-
cient of 0.42. This may reflect underlying biological similar-
ities between the 2 proteins — BRD4 binds to acetylated hi-
stones in transcriptional regulation, while HSA transports hy-
drophobic molecules in the bloodstream. As such, both bind
to small, hydrophobic/aromatic ligands”. In contrast, sSEH be-
haves quite differently from HSA and BRD4 with a correla-
tion coefficient of 0.07 compared to BRD4 and 0.17 compared
to HSA. This may reflect the fact that seH is an enzyme that
binds to more polar molecules such as epoxides and requires
structurally specific substrates’.

The fact that the GNN Transformer demonstrated similar
improvements on seH in comparison to HSA and BRD4 de-
spite their striking structural and functional differences sug-
gests that our model has the potential to perform well on out-
of-distribution proteins. However, this must be tested on a
separate dataset.

Correlation Heatmap

is_HSA

is_SEH

is_BRD4

is_HSA is_SEH is_BRD4 0.0

Figure. 11 Numerical correlation matrix showing similarity indexes
between BRD4, HSA, and sEH

Conclusion

For protein-ligand binding affinity prediction, the GNNTrans-
former algorithm uses multi-modal molecular features and
physicochemical characteristics. This model distinguished it-
self from previous models in three major aspects. First, it
integrated multi-dimensional, complimentary, input represen-
tations: namely graph data, metadata, and ECFPs. This al-
lowed for the extraction of information of different scales
and the identification of relationships between features. Sec-
ondly, it extracted physicochemical characteristics beyond the
SMILES data and raw structure, providing additional chemi-
cal context. Thirdly, the transformer component’s multi-head
attention mechanism extracted different aspects of the most
important features simultaneously, which assisted the learning
of complex patterns (long-range dependencies) and general-
ization. Finally, we tackled class imbalance via batch bal-
ancing and threshold tuning. Under a scaffold-based split,
threshold-dependent metrics (accuracy, precision) decreased
due to distribution shift, while ranking-based metrics (ROC-
AUC, Average Precision) remained stable or improved, in-
dicating preserved enrichment and generalization to novel
chemical scaffolds.

Key takeaway: By optimizing feature selection, learning
complex patterns and relationships, and addressing class im-
balance, the GNN Transformer achieved a 20-30% improve-
ment over baseline across a wide range of metrics, particularly
AUC and Average Precision, and across three structurally di-
verse proteins, demonstrating greater reliability in identifying
potential drug candidates.

Future Work

Although the present architecture predicts similarly well on
HSA, BRD4, and sEH, which have been established to be
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structurally heterogeneous, it is still possible that the model
does not perform as well on different proteins. As such, the
logical next step would be to test our GNN Transformer on
proteins from external datasets to confirm that the model is
indeed capable of performance on a large-scale. The model
may also benefit from the incorporation of protein sequence
and/or structural data. Currently, the present architecture re-
lies solely on ligand sequence, structural, and physicochem-
ical data to predict binding affinity between the ligand and
its protein. This method is simpler, but it assumes that bind-
ing is mainly determined by ligand structure and may miss
important protein-ligand interactions. By integrating protein
features, performance of the model may increase, improving
generalization across different protein variants.

It may be essential to focus on crucial residues of the pro-
tein pocket?2. which directly interact with the ligand through
hydrogen bonds, van der Waals forces, and hydrophobic inter-
actions. These protein pockets generally have different geo-
metric and chemical characteristics compared with non-pocket
regions. Thus, effectively representing the features of protein
pockets is a critical next step .

It’s imperative to acknowledge that our model is not sen-
sitive to mutations in the protein, involving single or several
amino acid changes. Thus, it would be crucial to screen for
and detect observable changes in affinity when mutations oc-
cur. There also exists the problem of “undruggable” proteins,
a class of proteins often characterized by large, complex struc-
tures and functions, which are difficult to tackle using conven-
tional targeting strategies>*.

Moreover, our model solely looked at non-covalent interac-
tions; however, there could be potential cases of covalent bind-
ing, which has gained increasing attention in the field of drug
development. Novel competing models like TEFDTA, which
incorporates fingerprint transformation and Transformer en-
coder modules, takes advantage of covalent binding data to
enhance predictive ability 2.

Instead of tackling the binding prediction issue using clas-
sification, we may transition to regression modeling, utiliz-
ing the dissociation constant values (K;) of already-known
protein-ligand pairs for a more realistic and nuanced approach.

Finally, our models are static — they don’t capture dynamic
molecular interactions. This problem could potentially be
solved through equivariant GNN’s, which capture 3D molec-
ular interactions, and reinforcement learning, which rewards
or punishes models based on their actions (i.e. changing the
orientation of a bond)20.
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